Predicting the consequences of actions is fundamental for skilled motor behavior. We investigated whether motor prediction is influenced by the fact that some movements are easier to perform and stabilize than others. Twelve subjects performed a bimanual rhythmical task either symmetrically or asymmetrically (the latter being more difficult and less stable) while oscillating in each hand an object attached to an elastic cord. Motor prediction was monitored through the adequacy of anticipatory grip force adjustments with respect to the elastic resisting force. Results showed less adequate predictive control during asymmetrical movements (compared with symmetrical ones). Furthermore, switching between modes of coordination induced even larger alterations. An interesting finding was that grip force control did not always stabilize around the expected value after voluntary transition. We conclude that motor prediction is affected by the degree of coordination between the upper limbs and by phase transitions and is prone to carryover effects.
It has been suggested that prediction "seems to be the ultimate and most general of all global functions of the brain" (Llinas, 1988, pp. 339 -358) . Predicting changes in the environment, anticipating events bringing harm or benefit, and determining what other organisms are likely to do allow quicker and more efficient behaviors (Pally, 2005) , ultimately increasing the chance of survival (Kveraga, Ghuman, & Bar, 2007) . However, many organisms, ranging from insect to human, also have the ability to predict the outcome of their own movements (Ebner & Pasalar, 2008; Webb, 2004) , and this ability is fundamental for skilled motor behavior (Desmurget & Grafton, 2000) . One of the key advantages conferred by this ability, defined as motor prediction, is to circumvent the potential time lag inherent to sensory feedback control (Kawato, 1999; Wolpert & Flanagan, 2001) .
Evidence for the ability of humans to predict their movement consequences has been demonstrated in motor tasks ranging from eye-hand coordination (Ariff, Donchin, Nanayakkara, & Shadmehr, 2002; Ghasia, Meng, & Angelaki, 2008; Vercher, Sares, Blouin, Bourdin, & Gauthier, 2003) to object manipulation (Blakemore, Goodbody, & Wolpert, 1998; Flanagan & Wing, 1997; Mehta & Schaal, 2002) . Specifically, in the latter case, many studies have shown that grip force modulations are synchronized or slightly ahead of fluctuations in the destabilizing force (i.e., load force) resulting from movements (Danion & Sarlegna, 2007; Flanagan, Vetter, Johansson, & Wolpert, 2003; Johansson & Westling, 1988) . Because of sensory delays associated with the detection of load force by the fingertips, this observation rules out the possibility of a feedback mechanism and favors a predictive mechanism whose effectiveness is often evaluated by the degree of covariation between the grip force and the load force (Descoins, Danion, & Bootsma, 2006; Flanagan & Wing, 1995 Kawato et al., 2003; Nowak, Glasauer, & Hermsdorfer, 2004) . A leading hypothesis is that the human central nervous system performs predictions based on neural networks, termed forward models, that capture the causal relationship between the generated motor commands and the resulting body motion (Kawato, 1999; Miall & Wolpert, 1996; Wolpert & Flanagan, 2001 ; for contrasting opinions, see Ostry & Feldman, 2003; Pilon, De Serres, & Feldman, 2007) .
Obviously, if predicting movement outcome is crucial for skilled motor behavior, the ability to turn desired consequences into motor commands is also mandatory (Flanagan et al., 2003) . However, the efficiency of this process can vary substantially, making us commonly experience that some movements are easier to perform and stabilize than others. This is particularly obvious in the context of a well-established paradigm in the field of coordination dynamics (Kelso, 1984) , which consists of oscillating the right and left limbs either symmetrically (or in-phase, defined as relative phase ⌽ ϭ 0°) or asymmetrically (antiphase, defined as relative phase ⌽ ϭ 180°). Even though we can perform both modes of coordination, the stability of the coordination (as measured by the standard deviation of ⌽) is consistently lower in antiphase (Debaere, Wenderoth, Sunaert, Van Hecke, & Swinnen, 2004; Ridderikhoff, Peper, & Beek, 2005; Serrien, 2008; Serrien & Brown, 2002) . These phenomena have been captured by a dynamic model system (the HKB model) on the basis of coupled nonlinear oscillators (Haken, Kelso, & Bunz, 1985) , which captured the dynamics of the end effectors. Further analytical work allowed derivation of a reduced description in terms of the relative phase between the two oscillators. The fact that certain neurological damage may impair more specifically the ability to produce antiphase movements (Stephan et al., 1999) suggests that these two modes of coordination are mediated by partly distinct functional subcircuits. This view is corroborated by many brain imaging studies showing more pronounced activation during antiphase in supplementary motor area, cingulated motor cortex, premotor cortex, parietal cortex, and cerebellum (Debaere et al., 2004; Sadato, Yonekura, Waki, Yamada, & Ishii, 1997; Ullen, Forssberg, & Ehrsson, 2003) . Note that the parietal cortex and cerebellum are also regarded as critical regions for action prediction (Ehrsson, Fagergren, Johansson, & Forssberg, 2003; Kawato et al., 2003; Mulliken, Musallam, & Andersen, 2008; Pollock, Gross, Kamp, & Schnitzler, 2008 ; for a review, see Bastian, 2006; Blakemore & Sirigu, 2003) .
Ultimately, when a pattern of movement becomes too difficult and unstable, phase transitions can occur so as to offer a (presumably) more stable regime than the earlier one. In the context of bimanual rhythmical movements, the phenomenon of phase transitions has been extensively reported (Kelso, 1984 ; for a review, see Kelso, 1995) . Specifically, when subjects perform movements in antiphase and movement frequency is progressively increased so as to go beyond a certain threshold (i.e., critical frequency), subjects switch spontaneously toward in-phase movements (Kelso, 1984) . It is interesting that no spontaneous phase transition is observed when subjects start in-phase and movement frequency is increased. Still, subjects can switch intentionally between modes of coordination when movement is performed below the critical frequency (Byblow, Summers, Semjen, Wuyts, & Carson, 1999; Scholz & Kelso, 1990) . Although human behavior and related brain activity are documented in the context of spontaneous (Aramaki, Honda, Okada, & Sadato, 2006; Kelso et al., 1992; MeyerLinderberg, Ziemann, Hajak, Cohen, & Berman, 2002) and voluntary phase transitions (De Jong, Willemesen, & Paans, 1999) , it remains unknown whether our ability to anticipate the consequences of our actions is preserved during phase transitions.
So far, the influence of stability and instability of motor coordination on motor prediction has never been explicitly addressed. Our goal in the present study was to address this issue explicitly by comparing motor prediction during conditions with different levels of coordination stability (in-phase vs. antiphase coordination), as well as by examining motor prediction during the phase transitions between coordination modes. We hypothesized that the accuracy of motor prediction during asymmetrical tasks or phase transitions could be changed for at least three reasons. First, as previously raised in the introduction, motor prediction and motor production of asymmetrical movements share some common neural resources (parietal cortex and cerebellum), and we cannot exclude that this overlap may benefit or alter motor prediction. Second, several psychophysical studies have pointed out an increase in attentional load for stabilizing movement under antiphase (Temprado, Zanone, Monno, & Laurent, 1999) or when approaching phase transition (Monno, Chardenon, Temprado, Zanone, & Laurent, 2000) . At this stage, it is unclear whether the central cost inherent to movement stabilization interferes (or not) with the process of motor prediction. Alternatively, it is equally possible that the attentional cost is elevated because of less accurate predictions. Third, the issue of neural cross-talk between motor signals sent to the right and left limb is often evoked as a tentative explanation of reduced stability during antiphase movements (Aramaki et al., 2006; Cattaert, Semjen, & Summers, 1999; Kagerer, Summers, & Semjen, 2003; Banerjee & Jirsa, 2007 ; for a review, see Carson, 2005; Swinnen, 2002) . To our knowledge, there is no evidence that motor prediction is a process spared from neural cross-talk between the limbs.
To summarize, the goal of the present study was to address the issue of whether movement coordination and its associated (in)stabilities interfere with the process of motor prediction. To achieve this objective, we reinvestigated the protocol of Serrien and Wiesendanger (2001) in which subjects were asked to oscillate simultaneously two hand-held objects either symmetrically or asymmetrically. However, a key addition to their protocol was the investigation of phase transitions, including both spontaneous and intentional pattern switching. The ability of subjects to predict movement consequences was evaluated through the temporal adequacy of their grip force adjustments with respect to the current load force of the object. Altogether, our results showed that motor prediction was impaired during asymmetrical movements and to an even larger degree during phase transitions.
General Method Participants
Twelve self-proclaimed right-handed men (30.2 Ϯ 4.7 years old; data present mean Ϯ interindividual standard deviation throughout the article) participated in the experiment. All were right-handed, according to the completion of the Edinburgh Handedness Inventory (Oldfield, 1971 ) and healthy; each gave informed consent according to University of Mediterranean regulations.
Apparatus
Figure 1 provides an illustration of the experimental setup. Each hand-held object was composed of an aluminium cap plus a force sensor (ELPM-T1M-50N, Entran Devices, Inc., Fairfield, NJ) measuring the force perpendicular to its surface (i.e., grip force) exerted by the thumb and index finger. Each object, covered by sandpaper (only the flat sides), was attached to an elastic cord (stiffness ϭ 67 N/m) such that the minimum grip force to prevent slip of the object increased linearly as a function of movement amplitude (i.e., load force). The linearity between hand position and elastic tension in the workspace was above 0.99. Pooled across subjects and hands, the friction coefficient was estimated at 0.86 Ϯ 0.12. Each object weighted 0.045 kg. Two other force sensors (ELPM-T1M-25N, Entran) were attached at the other extremity of the elastic cords to determine the load force when displacing each object. All signals were collected at 1000 Hz. Using a precision grip, seated subjects had to oscillate each instrumented object between two targets. Targets were positioned along a horizontal axis perpendicular to the sagittal plane. One target (the closest from the body midline) corresponded to an elastic load of 10 N; the other one corresponded to 6 N. Movement frequency was prescribed by an auditory metronome (1 beep per cycle).
Experiment 1 Procedure
At the beginning of each trial, movement frequency was set at 1.5 Hz. Then, every 10 cycles, movement frequency increased by steps of 0.25 Hz until it reached 3.5 Hz (for a similar procedure, see Roerdink, Peper, & Beek, 2005 ). Subjects performed this task starting either in-phase or antiphase. When starting antiphase, subjects were told that if the pattern began to change to in-phase, they should not prevent it from happening (Kelso, 1984 ; see example in Figure 2 ). Overall, the total duration of each trial was about 40 s. Subjects performed one block of five trials in each experimental condition (in-phase and antiphase). The order of the blocks was counterbalanced across subjects.
Data Analysis
All signals were low-pass filtered at 20 Hz (fourth-order, no-lag, dual-pass Butterworth). Continuous phase (⌽) relationship was estimated on the basis of the load force signals (LF 1 and LF 2 ) to characterize hand coordination. A first step consisted of bias removal and normalization in amplitude. Then, the resulting signals, LF 1 and LF 2 , were submitted to a Hilbert transformation via a build-in function provided by Matlab 6.5 (Mathworks, Natick, MA). Based on the imaginary part of this transformation (I 1 and I 2 ), the continuous phase between LF 1 and LF 2 was computed using the following equation:
with the following convention: 0°accounting for in-phase and 180°for antiphase. Data analysis focused on the transition from antiphase to in-phase coordination. Because the time of transition could vary significantly across trials and subjects (SD ϭ 4,404 ms), it was necessary to align trials. Trials were aligned with respect to the moment at which ⌽ ϭ 90°. Then, each trial was segmented into 11 consecutive bins of 1 s each, the sixth one corresponding to the moment at which ⌽ ϭ 90°(i.e., those bins do not correspond to the frequency plateaus in the trials). For each bin, the strength of the coupling between grip and load force signals was assessed by cross-correlations. When the crosscorrelation was significant, the lag was kept for further analysis (with positive values indicating that grip force preceded load force). Because the difference between the time of the peak grip force and the time of the peak load force is often considered as another relevant variable for predictive control (Nowak et al., 2004; Witney, Goodbody, & Wolpert, 1999 , we also included this parameter in our analysis (again with positive values indicating that grip force preceded load force). The effect of handedness was not addressed in the present study, and the performances of the right and left hand were pooled (see Ferrand & Jaric, 2006) . In addition, the mean value of ⌽ and its standard deviation (SD⌽) were computed over each bin using circular statistics. The former quantifies the mode of coordination, and the latter serves as a measure for the stability of a mode of coordination. Two-way repeated measures analyses of variance (ANOVAs), with condition (starting in-phase vs. antiphase) and time (11 levels) as within-subject factors, were used for statistical analysis. Post hoc tests (Newman-Keuls) were used when a main effect of time (or an interaction) was found. Because coefficients of correlation do not follow a normal distribution, we used a logarithmic transformation (z score) before conducting statistical procedures on this variable.
Results
Figure 3 shows, second per second, the mean course of several movement parameters during a spontaneous phase transitions (i.e., from antiphase to in-phase). Pooled across subjects, the critical frequency that triggered spontaneous phase transitions was 2.33 Ϯ 0.22 Hz. For comparison purposes, the data from the in-phase condition, where no transition occurred, are also displayed. The top panel presenting the phase relationship (⌽) between the two hands indicates that phase transitions were relatively brief events (about 1 s). The intermediate panel provides insight about the stability of the coordination mode (SD⌽). For both indices, we observed significant main effects of time, F(10, 110) Ͼ 63.9, p Ͻ .001, partial 2 Ͼ .85, and condition, F(1, 11) Ͼ 288, p Ͻ .001, partial 2 Ͼ .96, as well as a Time ϫ Condition interaction, F(10, 110) Ͼ 67.8, p Ͻ .001, partial 2 Ͼ .86. Post hoc analysis of the interaction confirmed that, up to the transition (for time ϭ -5 to 0 s), ⌽ was different for each mode of coordination ( p Ͻ .001). However, relative phases of both modes of coordination became similar immediately after the transition (for time ϭ ϩ1 to ϩ5 s; p Ͼ .05). With regard to coordination stability, in agreement with earlier studies (Ridderikhoff et al., 2005; Serrien, 2008; Serrien & Brown, 2002) , post hoc analysis of the interaction showed that, prior to the transition (for time ϭ -5 to -1 s, except for time ϭ -3 s; p ϭ .09), SD⌽ was greater in antiphase compared with in-phase (9.9°v s. 4.5°, p Ͻ .05).
Concerning grip force control, a reliable coupling between grip and load force signals was observed in all experimental conditions (R ϭ .90 Ϯ .06), with minimal delay between the two signals. Indeed, the cross-correlation analysis and the peak-to-peak analysis provided, respectively, a mean lag of -2.3 Ϯ 9.4 ms and 9.5 Ϯ 13.2 ms (the latter value being significantly different from 0), t(12) ϭ 2.50, p Ͻ .05. For both indices, a two-way ANOVA failed to reveal significant effect of time, F(10, 110) Ͻ 1.42, p Ͼ .05, partial 2 Ͻ .11, condition, F(1, 11) Ͻ 0.32, p Ͼ .05, partial 2 Ͻ .03, or interaction between the two, F(10, 110) Ͻ 1.77, p Ͼ .05, partial 2 Ͻ .14. In contrast to temporal lag, as shown in Figure 3C , the strength of the coupling between grip force and load force, as indexed by the R value, was influenced by coordination mode and phase transitions. This result is supported by a significant main effect of time, F(10, 110) ϭ 4.58, p Ͻ .001, partial 2 ϭ .31, and a Time ϫ Condition interaction, F(10, 110) ϭ 2.64, p Ͻ .01, partial 2 ϭ .29.
1 Post hoc analysis of the latter interaction revealed a significant difference between the two conditions for time bins -5, -4, -3, and 0 s ( p Ͻ .05). Focusing on the experimental condition in which a transition from antiphase to in-phase was provoked, post hoc analysis revealed that R values at time ϭ 0 were significantly smaller than R values at time bins -5, -4, -3, -2, 2, 3, and 4 ( p Ͻ .05); this difference almost reached significance at time bins -1 and 1 ( p ϭ .06). Similar post hoc analysis for the other experimental condition (in-phase only) revealed that R values at time bins -5, -4, and -3 were significantly greater than R values at time bins 3, 4, and 5 ( p Ͻ .05; see footnote 1). Altogether, those results indicate that, compared with symmetrical movements, the grip to load force coupling was less efficient in asymmetrical movements, especially during phase transitions. 
Experiment 2 Procedure
At the beginning of each trial, subjects had to produce one mode of coordination (either in-phase or antiphase), then switch to the opposite mode of coordination, and finally restore the original mode of coordination. This task was easy because movement frequency (2 Hz) was set below the critical frequency that triggers spontaneous phase transitions. To indicate when subjects had to switch the mode of coordination, the tone of the beep was changed every 10 s (for a similar procedure, see Scholz & Kelso, 1990) . Overall, the total duration of a trial was 30 s. Each subject performed one block of eight trials starting in-phase and another block starting antiphase. The order of the blocks was counterbalanced across subjects.
Data Analysis
Variability in the time of occurrence of phase transition was limited (SD ϭ 221 ms) and aligning the data was not critical. Each trial was segmented into 60 bins of 500 ms each. As in the earlier case, R, lags, ⌽, and SD⌽ values were computed over each time bin. As in Experiment 1, two-way ANOVAs were used for statistical analysis of the data, preceded by z-score transformation for R values. Figure 4 presents the time course of the same parameters introduced in Figure 3 . Similar changes in arm movement were observed during spontaneous and voluntary transitions. Indeed, phase transitions still appeared as brief events (about 1 s; see Figure 4A ), and the stability of hand coordination remained largely dictated by the current coordination mode, with greater SD⌽ during antiphase (see Figure 4B ). Two-way ANOVA of coordination stability revealed significant main effects of condition, F(1, 11) ϭ 59.5, p Ͻ .001, partial 2 ϭ .84, time, F(59, 649) ϭ 24.4, p Ͻ .001, partial 2 ϭ .69, and a Time ϫ Condition interaction, F(59, 649) ϭ 26.1, p Ͻ .001, partial 2 ϭ .70. Post hoc analysis of the interaction confirmed that during steady-state epochs (i.e., from 0 to 10 s, from 12 to 20 s, and from 22 to 30 s), SD⌽ was always greater in antiphase compared with in-phase (5.5°vs. 1.6°; p Ͻ .01). As expected, two-way ANOVA of ⌽ also revealed significant main effects of condition, F(1, 11) ϭ 1471, p Ͻ .001, partial 2 ϭ .99, and a Time ϫ Condition interaction, F(59, 649) ϭ 895, p Ͻ .001, partial 2 ϭ .99. Post hoc analysis of the interaction confirmed that during steady-state epochs (i.e., from 0 to 10 s, from 12 to 20 s, and from 22 to 30 s), ⌽ was always greater in antiphase compared with in-phase (174°vs. 0.3°; p Ͻ .01).
Results
Concerning the grip to load force coupling, results from voluntary phase transitions also confirmed our earlier observations. Although a reliable coupling was observed in all conditions (R ϭ .95 Ϯ .02), coordination modes and phase transitions influenced this coupling. Figure 4C presents the temporal evolution of R values in each experimental condition. To disentangle the influence of coordination mode from experimental condition, we ran two-way ANOVAs (Mode ϫ Time) separately for each of the three steady-state epochs (same epochs as defined previously for SD⌽). For each of these three epochs, no significant effect of time or interaction was found ( p Ͼ .05). In contrast, for the first and last epochs, a significant effect of mode was found ( p Ͻ .01, partial 2 Ͼ .53) such that R values were smaller under antiphase compared with in-phase (.93 vs. .97). A remarkable feature was that this effect was not observed for the intermediate epoch, F(1, 11) Voluntary phase transitions also confirmed the presence of transitory disruptions in grip to load force coupling, not only when switching from antiphase to in-phase coordination, but also when switching from in-phase to antiphase (see Figure 4C ), suggesting that this phenomenon is rather general. Statistical evidence for disruption in grip force control originates from a two-way ANOVA in which steady-state periods and phase transitions were pooled (i.e., all 60 bins were included in the analysis). This ANOVA revealed significant effects of time, F(59, 649) Voluntary transitions were also found to affect the temporal lag between grip force and load force. Overall, the cross-correlation analysis provided a mean lag of -3.9 Ϯ 11.4 ms between the two signals, and the peak-to-peak analysis yielded a mean value of 17 Ϯ 12.4 ms (a value significantly different from 0), t(12) ϭ 4.75, p Ͻ .001. For both indices, two-way ANOVA revealed a significant main effect of time, F(59, 649) Ͼ 1.83, p Ͻ .001, partial 2 Ͼ .14. This effect originates from the fact that lag varied in the vicinity of the transitions (at time ϭ 11 s and 20.5 s), reaching 4 ms for the cross-correlation lag and 31 ms for the peak-to-peak lag. Concerning the possible influence of coordination mode, separate ANOVAs on steady-state periods failed to provide evidence that this lag was different under in-phase and antiphase ( p Ͼ .05).
General Discussion
In agreement with the literature, our cross-correlation analyses demonstrated that during object manipulation, grip force is tightly coupled to movement-induced variations in load force (for a review, see Flanagan, Bowman, & Johansson, 2006) . Analysis of the time lag between these two signals showed either grip force varying in phase (i.e., cross-correlation analysis) or slightly ahead of load force (i.e., peak-to-peak analysis), which is incompatible with a feedback mechanism requiring that grip force would lag 60 -100 ms behind load force (Blakemore et al., 1998; Danion, 2007; Johansson & Westling, 1988) . Such concurrent covariation of grip force and load force has been interpreted as indicative of predictive feed-forward control (Flanagan et al., 2003; Flanagan & Wing, 1997; Kawato, 1999) . The novel finding brought by the current study is that the effectiveness of predictive grip force control depends on the nature of the ongoing arm movement and, more specifically, its coordinative stability. Namely, we found that motor prediction was less accurate during asymmetrical movements and even more during phase transitions. In other words, the degree of motor prediction is dependent on the current coordination state of the end effector variables rather than just the respective individual end effector dynamics. This finding clearly speaks for the dynamic nature of motor prediction, which we critically discuss in the following.
Coupled dynamic systems are characterized by their component dynamics and couplings. In absence of all interactions, the subset of dynamic behaviors of a single element is referred to as component dynamics. When a nonlinear coupling between subsystems is introduced, it is considered weak if it does not change the component dynamics significantly and strong if it does (see, for instance, Strogatz, 1994) . Haken et al. (1985) used this so-called weakly (coupled) nonlinear oscillator approximation to demonstrate that certain relative phase relationships emerge as stable or unstable as a function of the parameters. External unspecific parameters exercising control over the entire system are referred to as control parameters (Haken, 1983, p. 20) , which typically represent the influx of energy or matter to the system. As the latter are varied, the dynamic system may undergo phase transitions, which have been shown (within the theory of synergetics) to be dominated by so-called order parameters. The order parameters are the amplitudes of patterns emerging from the nonlinear interactions within a high-dimensional coupled dynamic system and take the functional role of modes, which determine the overall dynamics of the system. All state variables of the system follow the order parameter dynamics in a certain manner; hence, the latter prescribe the dynamics of the former. This process is called enslaving (Haken, 1983) . Typically, the order parameters act on a very slow time scale. In the context of the HKB system, the relative phase between the two oscillators is the order parameter, which acts on a much slower time scale than the oscillation period. The described mechanisms are in place in a self-organizing complex system with mutual interactions and are generally well understood. In the context of prediction, we also consider feed-forward couplings, in which time scales play a role: A fast variable relaxes to its stationary state much quicker than a slow variable. As a consequence, as in the case of synergetics, the fast variable will follow a slow control signal instantaneously for sufficiently separated time scales (enslaving). If the latter time scale separation is not given, then the component dynamics of the enslaved variable will be more visible and the enslaved variable will show a small delay with regard to the other variable. We wish to emphasize this insight of time scale separation for the following reflections.
Our key finding in this study is the alteration of motor prediction during phase transitions, as well as its rather unexpected time course. In the dynamical approach (Kelso, 1995) , phase transition is the process by which a system moves from one steady state to a (presumably) more stable one. Here, in-phase and antiphase coordination represent two steady states with different stability, as reflected by the standard deviation of the phase relationship between the two hands (see Figures 3B and 4B ). Knowing that these two steady states are associated with different levels of performance in terms of grip force control, a parsimonious hypothesis would suggest that, during transitions, motor prediction changes monotonically between a "high" and a "low" grip-load force coupling. In contrast, our results show that the accuracy of motor prediction changed in a more complex way (see Figures 3A and 4A) .
First, no matter what the initial steady state was, switching from one mode of coordination to another was always accompanied by brief disruptions in predictive grip force control. This brief disruption speaks for the dynamic nature of the predictive process and identifies a temporal scale in the following sense. In the simplest of all worlds, the predictive grip force control is captured as a linear coupling between the load force signal, l(t), and the grip force, g(t), via a first order differential equation l(t) ϭ Ϫ1/l͑t͒ ϩ g͑t Ϫ tЈ͒, where the dot indicates the rate of change and the first term on the right-hand side of the equation captures the component dynamics of l(t). identifies the intrinsic time scale of l(t) and tЈ ϭ T 1 -T 2 is a small time delay absorbing the difference in the timings of the central motor signal (presumed to be generated in the brain) and the load and grip forces. To be explicit, T 1 expresses the delay between the central motor signal and the resulting load force, which is due to the effects of the component dynamics of the load force (such as inertial effects causing finite rise times, for instance) and also includes the transmission delays, whereas T 2 expresses the equivalent delay between the same central motor signal and the grip force. As elaborated above, if the time scale is very small compared with the time scale of g(t), then the load force l(t) is "enslaved" and expresses the same dynamics as the grip force signal, that is l(t) ϭ g(t -tЈ), but shifted by the time delay tЈ. It is this short time delay tЈ that causes the grip force g(t) to precede the load force l(t), necessarily requiring T 1 Ͼ T 2 , and hence justifies the terminology of a predictive grip force. However, if is of the order of the time scale characteristic for g(t), then the above enslaving is imperfect, resulting in a disruption of the predictive grip force control. The disruption will depend on the interplay between the component dynamics of the load force (here the linear dynamics characterized by ) and the dynamics of g (t) . Any more complex realization of the component dynamics of the load or grip forces will result in even more disruptions. Hence, the fact that we found a drop in the R values in all cases, accompanied by a change in the timing between grip force and load force, reveals that predictive force control contains an element of dynamics, which has a characteristic time scale of about 1 s. This reasoning holds also if the component dynamics is more complex or the coupling to the load force is nonlinear. However, obviously, the resulting dynamics will be more complex.
Second, after voluntary transition, grip force correlation did not necessarily reach the expected "high" and "low" value. In particular, following the first transition, the level of grip-load force coupling became identical for symmetrical and asymmetrical movements. Still, this phenomenon disappeared as soon as subjects returned to their original mode of coordination. How can this be understood? The resistance of the predictive grip force control to change from its initial configuration speaks for a "memory" or "carryover" effect. For instance, a memory function f(t) may act on the prediction signal via a convolution, which is a common representation of a memory operation in neural network theories. In this case, we can rewrite the dynamics of predictive grip force control as l(t) ϭ Ϫ1/l͑t͒ ϩ ͐f͑t Ϫ T͒g͑T Ϫ tЈ͒dT, where the latter expression integrates over the time points T in the history of the grip force. Again, reverting to the data we presented here, we can conclude that the memory function f(t) contains a characterizing time scale of 10 s or more because such is the smallest duration for which similar levels of grip force correlation were maintained. This interpretation provides a clear and testable prediction: By examining longer periods of posttransition behavior (significantly greater than 10 s), the level of grip-load force coupling should diverge between modes of coordination. In conjunction, our two above considerations allow us to formalize some minimal requirements imposable on a dynamic representation of predictive grip force control. In fact, here we demonstrate that the latter is neither a static nor an adiabatic process (i.e., a process in which a fast variable follows almost instantaneously a slower variable), but that it rather involves a dynamic coupling with multiple time scales.
How farfetched are these considerations? Are our findings and interpretations isolated in the literature? No, in fact, the carryover effect proves to be well known and documented in various brain imaging studies. In one study, subjects performed oscillatory finger movements in synchrony or in syncopation with the beep of a metronome (Mayville et al., 2001) . As movement frequency increased, subjects switched abruptly from syncopation to synchrony. Although synchronization and syncopation could be dissociated in terms of their related MEG signals, differences persisted after the phase transition for at least 10 s, despite the fact that subjects were now synchronizing in both conditions (i.e., the kinematics were identical). Using a slightly different protocol, Jantzen, Steinberg, and Kelso (2004) found that synchronization and syncopation also differed in terms of their related functional MRI signals, and that differences persisted after the metronome was turned off for at least 21 s. Altogether, the carryover effects observed at the brain level resemble the carryover or memory effect that we report here for the first time for the behavioral level. In the light of neuronal networks acting as spatiotemporal integrators, the involvement of integration processes over memory functions in predictive grip force control is a natural consequence. Based on this comparison, we conclude that motor prediction, as monitored here through grip force adjustments, seems to be driven by neural networks that similarly depend on the context in which movement is instantiated.
In contrast to grip-load force coupling, no carryover effect was observed for upper limb coordination. Indeed, as shown in Figure  4B , the stability of bimanual coordination was not influenced by the history of transitions. The fact that the predictive control of grip force and the control of movement can exhibit different dynamics has been previously shown by Flanagan and collaborators (2003) . That study showed that, when humans learn how to manipulate objects within an unusual force field, the ability to anticipate movement consequences and the ability to make the desired movement are restored but with distinct dynamics. Altogether, that study and the current one support the views that motor production and motor prediction are mediated (at least partly) by separate neural processes.
In summary, we have shown that the accuracy of predictive grip force control can change significantly during bimanual manipulation tasks, despite the fact that the object dynamics remained unaltered. Specifically, motor prediction was found to be less accurate during less stable conditions, such as asymmetrical movements and phase transitions. Furthermore, by monitoring this ability across successive transitions, we also showed that the context in which movement is instantiated can be decisive and involves elements of memory. Altogether, our results speak for the dynamic nature of motor prediction because it is affected by the degree of coordination between the upper limbs and at the same time prone to carryover effects.
